Transcriptional profiling of complex tissues by RNA-sequencing of single nuclei presents some advantages over whole cell 2 analysis. It enables unbiased cellular coverage, lack of cell isolation-based transcriptional effects, and application to archived 3 frozen specimens. Using a well-matched pair of single-nucleus RNA-seq (snRNA-seq) and single-cell RNA-seq (scRNA-seq) 4 SMART-Seq v4 datasets from mouse visual cortex, we demonstrate that similarly high-resolution clustering of closely related 5 neuronal types can be achieved with both methods if intronic sequences are included in nuclear RNA-seq analysis. More 6 transcripts are detected in individual whole cells (˜11,000 genes) than nuclei (˜7,000 genes), but the majority of genes have 7 similar detection across cells and nuclei. We estimate that the nuclear proportion of total cellular mRNA varies from 20% to 8 over 50% for large and small pyramidal neurons, respectively. Together, these results illustrate the high information content of 9 nuclear RNA for characterization of cellular diversity in brain tissues. 10
( Figure S5B and Table S5 ). We measured the nuclear and cell sizes in situ, and calculated the nuclear 150 proportion of each cell as the ratio of nuclear to soma volume ( Figure S5C ). We found that the average 151 nuclear proportion was significantly lower for layer 5 cells compared to layer 4 cells, as predicted based on 152 RNA-seq data ( Figure 5D ). 153 In addition, nuclear proportion estimates based on in situ size measurements were systematically higher than 154 predicted for layer 5 but not layer 4 neurons. This could be the result of under-estimating the soma volume 155 based on cross-sectional area measurements of these large non-spherical (pyramidal) neurons. Alternatively, 156 layer 5 neuronal nuclei may have a lower density of nuclear transcripts or there may be cell type-specific biases in the Pvalb-positive interneuron type (Pvalb Wt1) had no detectable Pvalb expression, whereas all cells of 193 this cell type had robust Pvalb expression. 194 195 Unlike scRNA-seq, snRNA-seq enables transcriptomic profiling of tissues that are refractory to whole cell 196 dissociation and of archived frozen specimens. snRNA-seq is also less susceptible to perturbations in gene 197 expression that occur during cell isolation, such as increased expression of immediate early genes that can 198 obscure transcriptional signatures of neuronal activity (Lacar et al. 2016 ). However, these advantages come 199 at the cost of profiling less mRNA, and until this study, it was unclear if the nucleus contained sufficient 200 number and diversity of transcripts to distinguish highly related cell types. 201 To directly address this question, we profiled a well-matched set of 463 nuclei and 463 cells from layer 5 of 202 mouse primary visual cortex and identified 11 matching neuronal types: 2 interneuron types and 9 similar 203 excitatory neuron types. Including intronic reads in gene expression quantification was necessary to achieve 204 high-resolution cell type identification from single nuclei. Intronic reads substantially increased gene detection 205 to 7000 genes per nucleus. In addition, intronic reads were more frequently derived from long genes that 206 are known to have brain-specific expression (Gabel et al. 2015) and that help define neuronal connectivity 207 and signaling. Intronic reads may also reflect other cell-type specific features, such as retained introns or 208 alternative isoforms. For example, intron retention provides a mechanism for the nuclear storage and rapid 209 translation of long transcripts in response to neuronal activity (Mauger, Lemoine, and Scheiffele 2016) . 210 We found that nuclei contain at least 20% of all cellular transcripts, and this percentage varies among cell 211 types. Two small pyramidal neuron types have large nuclei relative to cell size that contain more than half 212 of all transcripts. We detect 4000 more genes in single cells than single nuclei, but the majority of genes are 213 detected equally well in both. Cytoplasm-enriched transcripts are missed by profiling single nuclei but include 214 mostly house-keeping genes and pseudogenes, which are not related to neuronal identity. Nucleus-enriched 215 transcripts include protein-coding and non-coding genes that are more likely to be cell-type markers than 216 cytoplasmic transcripts. Overall, single cells do provide somewhat better detection of cell-type marker genes, 217 thereby resulting in slightly better cluster separation for two pairs of highly similar cell types. Therefore, as 218 more nuclei and cells are profiled, it is possible that finer discrimination of cell types may require single cell 219 profiling. However, the benefits of profiling single nuclei may outweigh potential loss in the finest cell type Taurine, and 2mM Thiourea. The brain was then rapidly dissected and mounted for coronal slice preparation 239 on the chuck of a Compresstome VF-300 vibrating microtome (Precisionary Instruments). Using a custom 240 designed photodocumentation configuration (Mako G125B PoE camera with custom integrated software), 241 a blockface image was acquired before each section was sliced at 250 μm intervals. The slice was then 242 hemisected along the midline, and both hemispheres were then transferred to chilled, oxygenated ACSF.
Discussion

243
Each slice-hemisphere was transferred into a Sylgard-coated dissection dish containing 3 ml of chilled, oxy-244 genated ACSF. Brightfield and fluorescent images between 4X and 20X were obtained of the intact tissue with 245 a Nikon Digital Sight DS-Fi1 or a Sentech STC-SC500POE camera mounted to a Nikon SMZ1500 dissecting 246 microscope. To guide anatomical targeting for dissection, boundaries were identified by trained anatomists, 247 comparing the blockface image and the slice image to a matched plane of the Allen Reference Atlas. In 248 general, three to five slices were sufficient to capture the targeted region of interest, allowing for expression 249 analysis along the anterior/posterior axis. The region of interest was then dissected and both brightfield and 250 fluorescent images of the dissections were acquired for secondary verification. The dissected regions were 251 transferred in ACSF to a microcentrifuge tube, and stored on ice. This process was repeated for all slices 252 containing the target region of interest, with each region of interest deposited into a new microcentrifuge 253 tube.
254
For whole cell dissociation, after all regions of interest were dissected, the ACSF was removed and 1 ml of 255 a 2 mg/ml pronase in ACSF solution was added. Tissue was digested at room temperature (approximately 256 22°C) for a duration that consisted of adding 15 minutes to the age of the mouse (in days; i.e., P53 specimen 257 had a digestion time of 68 minutes). After digestion, the pronase solution was removed and replaced by 258 1 ml of ACSF supplemented with 1% Fetal Bovine Serum (FBS). The tissue was washed two more times 259 with the same solution and the sample was then triturated using fire-polished glass pipettes of decreasing 260 bore sizes (600, 300, and 150 μm). The cell suspension was incubated on ice in preparation for fluorescence-
expression level of the top 1200 marker genes (i.e. highest beta scores) was calculated for each cluster. Figure 1 : Identification of an expression-matched set of single nuclei and whole cells from mouse primary visual cortex (VISp). (A) Whole brains were dissected from transgenic mice, coronal slices were sectioned, and individual layers of VISp were microdissected. Nuclei were dissociated from layer 5, stained with DAPI and against the neuronal marker NeuN. Single NeuN-positive nuclei were isolated by fluorescence-activated cell sorting (FACS). In parallel, whole cells were dissociated from all layers, and single td-Tomato reporterpositive cells were isolated. Single nucleus and cell mRNA were reverse transcribed, amplified, and sequenced to measure transcriptome-wide expression levels. (B) Left: 463 nuclei from layer 5 and 12,866 whole cells from all layers passed quality control metrics, and the expression correlation was calculated between each nucleus and all other nuclei and cells. Expression similarity can vary based on sample quality, so nuclei were compared to each other to provide a baseline expected similarity. For each nucleus, the best matching nucleus and cell were selected based on maximal correlation. Right: Cells and nuclei displayed comparable expression similarities to all nuclei, with 95% of correlations between 0.63 and 0.78. This suggested that nuclei and cells were well matched. (C) Chromogenic RNA In situ hybridization (ISH) images of all VISp layers from four mouse Cre-lines from which the best matching cells were most commonly derived. As expected, all Cre-lines label cells in layer 5 and adjacent layers. The most similar pair of cells have more highly correlated gene expression (r = 0.92) than the most similar pair of nuclei (r = 0.76), due to fewer gene dropouts. Right: Cells have consistently more similar expression to each other than nuclei, even after correcting for gene dropouts based on an expression noise model. (C) Left: Binned scatter plot showing all genes are detected (CPM > 0) with equal or greater reliability in cells than nuclei. Grey lines show the variation in detection that is expected by chance (95% confidence interval). Right: Binned scatter plot showing 0.4% of genes are significantly more highly expressed (fold change > 1.5, adjusted P-value < 0.05) in nuclei , and 20.5% of genes are more highly expressed in cells. The log-transformed color scale indicates the number of genes in each bin. (D) Nuclear enriched genes are highly enriched for genes involved in neuronal connectivity, synaptic transmission, and intrinsic firing properties. Cell enriched genes are predominantly related to mRNA processing and protein translation and degradation. In addition, immediate early gene expression is increased up to 10-fold in cells, despite comparable isolation protocols for cells and nuclei.
Figures
Figure 3: Single nuclei provide comparable clustering resolution to cells with inclusion of intronic reads. (A)
Co-clustering heatmaps show the proportion of 100 clustering iterations that each pair of nuclei were assigned to the same cluster. Clustering was performed using gene expression quantified with exonic reads or intronic plus exonic reads for two key clustering steps: selecting significantly differentially expressed (DE) genes and calculating pairwise similarities between nuclei. Co-clustering heatmaps were generated for each combination of gene expression values, and blue boxes highlight 11 clusters of nuclei that consistently co-clustered using introns and exons (upper left heatmap) and were overlaid on the remaining heatmaps. The row and column order of nuclei is the same for all heatmaps. (B) Co-clustering heatmaps were generated for cells as described for nuclei in (A), and blue boxes highlight 11 clusters of cells. (C) Cluster cohesion (average within cluster co-clustering) and separation (difference between within cluster co-clustering and maximum between cluster co-clustering) are plotted for nuclei and cells and all combinations of reads. Including introns in gene expression quantification dramatically increases cohesion and separation of nuclei but not cell clusters. The nuclear fraction of transcripts in cell types was estimated with two methods: the ratio of intronic read percentages in cells compared to nuclei; and the average ratio of expression in cells compared to nuclei of three highly expressed genes (Snhg11, Meg3, and Malat1 ) that are localized to the nucleus. The relative ranking of nuclear fractions was consistent (Spearman rank correlation = 0.84), although estimates based on the intronic read ratio were consistently 50% higher. (D) Estimated nuclear proportion (ratio of nucleus and soma volume) of neurons labeled by three mouse Cre-lines in Layers 4 and 5 (see Supplementary Figure S5D ). Single neuron measurements (grey points) were summarized as violin plots, and average nuclear proportions (black points) were compared to the range of estimated proportions (blue lines) based on intronic read ratios and nuclear gene expression. (E) Histograms of nuclear fraction estimates for 11,932 genes expressed (CPM > 1) in at least one nuclear or cell cluster and grouped by type of gene. (F) Violin plots of marker score distributions with median and inter-quartile intervals. Non-coding genes and pseudogenes are on average better markers of cell types than protein-coding genes. Kruskal-Wallis rank sum test, post hoc Wilcoxon signed rank unpaired tests: *P < 1 x 10 -50 (Bonferronicorrected), NS, not significant. (G) Box plots of cell type marker scores for genes grouped by estimated nuclear enrichment. Nucleus-enriched genes have significantly higher marker scores (linear regression; P = 2.3 x 10 -8 ). (H) Validation of the estimated nuclear proportion of transcripts for Calb1, Grik1, and Pvalb using multiplex fluorescent in situ hybridization (mFISH). Top: For each gene, transcripts were labeled with fluorescent probes and counted in the nucleus (white) and soma (yellow). Bottom: Probe counts in the nucleus and soma across all cells with linear regression fits to estimate nuclear transcript proportions for each gene. Estimated proportions based on mFISH and RNA-seq data are summarized on the right. Heatmaps show remarkably similar correlation patterns, supporting the existence of a well matched set of nuclear and cell clusters. Nuclear and cell clusters were annotated based on the reciprocal best matching published cluster name and mapped to two interneuron types and five of eight layer 5 excitatory neuron types. (B) Comparisons of the proportion of nuclei or cells expressing marker genes (CPM > 1) for matched pairs of clusters. Correlations are reported at the top of each scatter plot, and cell type specific markers are labeled. As expected based on Figure 2C , gene detection is consistently higher in cells than nuclei. (C) Matched clusters have similar proportions of nuclei and cells (except for two closely related cell types, L5a Hsd11b1 and L5 Batf3), which supports the accuracy of the initial correlation based mapping of single nuclei to cells. (D) Average gene expression quantified based on intronic reads is more highly correlated between cells and nuclei than expression quantified based on exonic reads, particularly for highly expressed genes. Malat1, Meg3, and Snhg11 are the three highest expressing genes in nuclei and have consistently lower expression in cells, as expected based on their reported nuclear localization. proportions are highly similar with slightly higher reported cytoplasmic enrichment for reported genes. Note that the matched set of genes includes 99% protein-coding genes so the distributions more closely resemble those genes in Figure 5D . 
